Abstract. Climate change is expected to alter the global hydrological cycle, with inevitable consequences for freshwater availability to people and ecosystems. But the attribution of recent trends in the terrestrial water balance remains disputed. This study attempts to account statistically for both trends and interannual variability in water-balance evapotranspiration (ET), estimated from the annual observed streamflow in 109 river basins during "water years" 1961-1999 and two gridded precipitation data sets. The basins were chosen based on the availability of streamflow time-series data in the Dai et al. (2009) synthesis. They were divided into water-limited "dry" and energy-limited "wet" basins following the Budyko framework. We investigated the potential roles of precipitation, aerosol-corrected solar radiation, land use change, wind speed, air temperature, and atmospheric CO 2 . Both trends and variability in ET show strong control by precipitation. There is some additional control of ET trends by vegetation processes, but little evidence for control by other factors. Interannual variability in ET was overwhelmingly dominated by precipitation, which accounted on average for 54-55 % of the variation in wet basins (ranging from 0 to 100 %) and 94-95 % in dry basins (ranging from 69 to 100 %). Precipitation accounted for 45-46 % of ET trends in wet basins and 80-84 % in dry basins. Net atmospheric CO 2 effects on transpiration, estimated using the Land-surface Processes and eXchanges (LPX) model, did not contribute to observed trends in ET because declining stomatal conductance was counteracted by slightly but significantly increasing foliage cover.
Introduction
Climate change is expected to alter the global hydrological cycle (Huntington, 2006) , shifting the timing and distribution of freshwater resources (Kundzewicz et al., 2008) and changing the balance between precipitation, runoff and evapotranspiration (Zhang et al., 2012) . Climatic effects may be compounded by changes in vegetation, whether due to land use/land cover change or vegetation physiological, compositional and structural responses caused by climate change or increasing atmospheric CO 2 . Together these effects have the potential to change the amount of water available to the biosphere and for human use. Such changes have particular significance in regions already suffering from water deficits.
Evapotranspiration (ET) is the sum of evaporation from soil and open water, interception loss and plant transpiration. It is a key ecosystem variable linking hydrological, energy and carbon cycles and amounts to up to 60 % of global land precipitation (Oki and Kanae, 2006; Teuling et al., 2009 ). Because ET cannot be measured directly, multiple methods for estimating actual and potential ET have been employed, including satellite retrieval methods based on air temperature, net radiation and/or vegetation indices (Wang and Dickinson, 2012) , eddy covariance measurements of latent heat flux (e.g. Baldocchi et al., 2001) , radiation-based calculations (Xu and Singh, 2000) , and pan evaporation measurements (Brutsaert, 2006; . There are few longterm, large-scale observational data sets that can be used to analyse variations in ET, and the situation is exacerbated by disagreements among estimates of ET obtained by different methods (Zhang et al., 2012) . Many studies have attempted to account for recent historical trends in the hydrological cycle, usually with runoff as the principal variable of interest (e.g. Dai et al., 2009; Gedney et al., 2006; Gerten et al., 2008; Labat et al., 2004; Piao et al., 2007) , but no consensus on causation has emerged (Alkama et al., 2011) . The direction of historical trends in runoff has also remained unclear, with Dai et al. (2009) and Milliman et al. (2008) finding a predominantly negative or non-existent trend across a large number of river basins, in contrast to an increase in global runoff reported by Labat et al. (2004) . However, the data set of Labat et al. (2004) has been criticised, particularly for the wavelet method used to reconstruct the runoff time series (Legates et al., 2005; Peel and McMahon, 2006) .
Many studies have recognised the importance of climate variability and trends, particularly in precipitation (e.g. Alkama et al., 2010; Dai et al., 2009; Gerten et al., 2008; Milliman et al., 2008) , as drivers of changes in ET and/or runoff. Gerten et al. (2008) attributed 70 % of a simulated runoff increase over the 20th century to climate (precipitation and air temperature) based on the LPJmL vegetation model (Bondeau et al., 2007; Rost et al., 2008; Sitch et al., 2003) . Piao et al. (2007) reported a value of 53 % using the OR-CHIDEE biosphere model (Krinner et al., 2005) . Other postulated climatic drivers of ET include solar shortwave radiation (particularly global "dimming" and "brightening" due to changes in aerosol loading; Wild et al., 2008) and wind speed (McVicar et al., 2012) , both of which influence evaporative demand and therefore ET. Changes to land-surface properties have also been invoked to account for historical runoff trends (Gedney et al., 2006; Piao et al., 2007) . Deforestation decreases transpiration and interception losses (Bradshaw et al., 2007; Gordon et al., 2005) and consequently increases runoff (Bosch and Hewlett, 1982) , if precipitation is unchanged. In dry areas, on the other hand, the expansion of croplands has been made possible by widespread irrigation, which increases water availability for ET and therefore tends to reduce runoff (Gordon et al., 2005) , if precipitation is unchanged (the qualifications are important because deforestation can also lead to reduced rainfall while irrigation can increase it; D 'Almeida et al., 2007; Lo and Famiglietti, 2013) . Piao et al. (2007) concluded that land use change can account for about 50 % of global reconstructed runoff trends, but this has been contested (e.g. by Alkama et al., 2011) . Rising atmospheric CO 2 concentration also can indirectly change ET and runoff via two opposing processes: partial stomatal closure which tends to reduce transpiration (Gedney et al., 2006; Sellers et al., 1996) and compensating increases in foliage cover, which tend to increase it (Betts et al., 1997) . The net effect of rising atmospheric CO 2 on runoff trends is disputed (e.g. Alkama et al., 2011; Gedney et al., 2006; Gerten et al., 2008; Piao et al., 2007) . It remains unclear, based on published analyses, whether or not changes in vegetation structure and function have left a detectable imprint on runoff. Studies focusing on ET have variously relied on trends in pan evaporation (Brutsaert, 2006; McVicar et al., 2012; Farquhar, 2002, 2004) , empirical equations (Wang et al., 2010; Zeng et al., 2012; Zhang et al., 2012) or land surface models (Douville et al., 2012; Li and Mölders, 2008; Teuling et al., 2009) . But pan measurements are only very indirectly related to actual ET, while model simulations and empirical calculations are uncertain and produce a large range of estimates (Mueller et al., 2011; Zhang et al., 2012) .
This study aims to account for trends and interannual variability in ET during the period 1961-1999. Despite uncertainties afflicting both precipitation and streamflow data, the difference between these two variables (the "water balance ET") integrated over a catchment remains the most firmly observationally based estimator of ET. We use the Dai et al. (2009) synthesis for streamflow data, and two alternative gridded precipitation data sets in order to take some account of precipitation uncertainties. We consider all the proposed drivers of annual ET, relying on observational data sets where possible, but with transient foliage cover and stomatal conductance simulated by the Land Processes and eXchanges Dynamic Global Vegetation Model (LPX DGVM) (Prentice et al., 2011; Murray et al., 2011) . In Sect. 2, we first describe the data sets, the LPX DGVM and analysis methods. Section 3 investigates (i) the interannual variability and (ii) trends in water balance ET and relates those to variability in potential drivers of ET. Finally, conclusions are presented in Sect. 4. 
Methods

Study basins
The study basins were chosen based on the availability of monthly river discharge data from Dai et al. (2009) so that spatial and temporal coverage could be maximised. Altogether 109 basins were chosen, covering approximately 33 % of the unglaciated land surface (Fig. 1 ). Only basins with ≤ 10 missing months during 1961-1999 were included in the analysis; gaps in the data were filled by linear interpolation between the values for the same month in the year before and the year after the gap. Basin boundaries were acquired from the Global Runoff Data Centre (GRDC; http: //grdc.bafg.de/), Geoscience Australia National Catchment Boundaries v.1.1.3. (http://www.ga.gov.au/), the US Geological Survey HYDRO1k project (Peel et al., 2010) and the European Environment Agency (http://www.eea.europa.eu/ data-and-maps/data/european-river-catchments-1). The basins were divided into "energy-limited" (wet) and "water-limited" (dry) basins according to the Budyko framework (Budyko, 1974; Donohue et al., 2007; Li et al., 2013) (Fig. 1 ). This separation was achieved using the climatological aridity index A (A = E p /P , where E p = annual mean potential ET and P = annual mean precipitation), averaged over the basin area. Basins with A ≤ 1.5 were classified as "wet" and those with A > 1.5 as "dry" (Zhang et al., 2012) . A value of A was calculated for each basin based on 1961-1999 mean values of precipitation in the Climatic Research Unit (CRU) TS 3.1 archive at 0.5 • resolution (Harris et al., 2013) . E p for each basin was calculated using the Priestley-Taylor method as in Gallego-Sala et al. (2010 ), using 1961 -1999 mean values of cloud cover and air temperature from CRU TS 3.1. The Priestley-Taylor method has been shown to be appropriate for large-scale potential ET estimates (Raupach, 2000 (Raupach, , 2001 and has been employed in other catchment-scale studies (e.g. Guerschman et al., 2009; Zhang et al., 2004) . 
Data
Observed river discharge data (converted to runoff units) were acquired from the Dai et al. (2009) data set, which includes monthly streamflow at the farthest downstream gauging stations for the world's 925 largest river basins during the period 1900-2006. The data were compiled by Dai et al. (2009) mainly from Global Runoff Data Centre (GRDC), University of New Hampshire (UNH) and National Center for Atmospheric Research (NCAR) records. As the observed streamflow records are likely to include changes due to human disturbances (dams and water withdrawals), monthly water consumption estimates from the Global Water Use (GWU) model nested in the WaterGAP-2 model (Alcamo et al., 2003) were added to the observed runoff values. GWU estimates consumption based on three submodels for agricultural, industrial and domestic water use sectors at 0.5 • spatial resolution. The correction is minimal in the majority of wet basins, with consumption accounting for 2 % of runoff on average (ranging from 0 to 29 %; Fig. 2 ). This leads to an average reduction of 2 % in annual water balance ET estimates. In dry basins, the correction amounts to 37 % of annual runoff on average (varying from 0 to 87 %; Fig. 2 ), but since runoff generally only forms a small component of the water balance in dry basins, a large relative change in runoff translates to a much smaller change in ET estimates. As such, the correction leads to an average reduction of 12 % in ET.
Water balance ET was calculated as the difference between observed annual precipitation and runoff. Water year (October-September) totals were used to account for the effects of water storage in snowpacks during Northern Hemisphere winter. The water balance method has the advantage of being based on observations but assumes negligible changes in soil water storage. Two ET values were calculated for each basin using two alternative precipitation data sets from the CRU TS 3.1 archive (Harris et al., 2013) and Global Precipitation Climatology Centre (GPCC) Full Data Reanalysis Product v.4 (Rudolf et al., 1994; Schneider et al., 2008 ; http://www.esrl.noaa.gov/psd/data/gridded/data. gpcc.html). Both precipitation data sets are gridded at 0.5 • spatial resolution and were produced by three-dimensional interpolation of station data from multiple sources. Neither data set has been corrected for the possible effects of gauge undercatch.
Gridded monthly air temperature data at 0.5 • spatial resolution were obtained from the CRU TS 3.1 archive. Monthly near-surface (10 m) wind speed data were acquired from National Centres for Environmental Prediction (NCEP) reanalysis product (NOAA-CIRES Climate Diagnostics Center, Boulder, Colorado, http://www.cdc.noaa.gov/) regridded to 0.5 • from the original NCEP spatial resolution of 1.875 • using bilinear interpolation (Prentice et al., 2011) .
Downwelling shortwave radiation data were obtained from the EU WATCH Forcing Data archive (Weedon et al., 2011) . These data are based on European Centre for Medium-Range Weather Forecasts reanalysis (ERA-40) data (Uppala et al., 2005) . They provide daily values for the period 1901-2009, adjusted for observed cloud cover and modelled aerosol optical depths (based on representations of sulfate, black carbon, mineral dust, sea salt, biomass burning and secondary organic aerosols (Bellouin et al., 2007) ).
Land use data were acquired from the HYDE v3.1 database of Klein Goldewijk (2001), which describes "pasture" (including rangeland) and cropland extent at 0.5 • spatial resolution for the period 1700-2000 expressed as a fraction of each grid cell. Pasture and cropland extent were determined from historical data on agricultural activities using population density as a proxy for location (Klein Goldewijk and Ramankutty, 2004) . The data were linearly interpolated to annual timescale from the original decadal time step (Prentice et al., 2011) .
All daily or monthly data were converted to water year totals. Basin-specific values were extracted from each gridded variable using a point-based method, whereby cells with their centres within the catchment boundaries were selected.
LPX model
Dynamic global vegetation models (DGVMs) can represent time-dependent variations in ecosystem composition (in terms of plant functional types), structure (including height, biomass, leaf area index and foliage projective cover) and function (including gross and net primary production, ET and runoff) Prentice and Cowling, 2013) . The LPX DGVM (Prentice et al., 2011 ) is a development of the Lund-Potsdam-Jena (LPJ) model (Sitch et al., 2003; Gerten et al., 2004 ) with improved fire dynamics (Prentice et al., 2011) . The model makes use of a photosynthesiswater balance scheme that explicitly couples CO 2 assimilation with transpiration (Gerten et al., 2004) but does not include nutrient constraints on assimilation. LPX has been evaluated against global and local hydrological data (Gerten et al., 2004; Murray et al., 2011; Ukkola and Murray, 2013) as well as a comprehensive set of vegetational, atmospheric and hydrological benchmarks (Kelley et al., 2012) . The hydrological component is detailed in Gerten et al. (2004) . A full description of the vegetation and carbon dynamics can be found in Sitch et al. (2003) . Here we provide a brief discussion on the processes directly influencing ET in the model.
Stomatal conductance (g c ) is determined based on daytime assimilation rate (A dt ), ambient CO 2 concentration (c a ) and a plant functional type (PFT) specific minimum canopy conductance (g min ):
where λ takes a maximum value of 0.8 for C 3 and 0.4 for C 4 plants. When soil water supply is limiting, g c is reduced in such a way as to be consistent with Monteith's (1995) empirical formulation of the relationship between ET and g c . The fractional foliage projective cover (FPC) for PFT is calculated annually as a function of total crown area (CA), plant population density (P ) and the average individual FPC (Sitch 
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Total FPC, the measure used in this study, varies between 0 (bare ground) and 1. Annual average FPC has been found to compare favourably against remotely sensed observations of the fraction of absorbed photosynthetically active radiation (fAPAR) (Kelley et al., 2012) . Both g c and FPC influence simulated actual ET. FPC determines the amount of transpiring foliage, and controls interception loss by altering canopy storage capacity. g c controls plant transpiration rates by linking CO 2 and water availabilities, so that transpiration is reduced at higher CO 2 concentrations and/or limited water supply and vice versa.
Model set-up
The model was spun up for 7000 yr using a repeating time series of detrended climate variables and stable CO 2 at 280 ppm, until the 50 yr means of the slow carbon pools varied by < 2 % (as detailed in Prentice et al., 2011) . The model was subsequently run in transient mode for the period 1850-2006, forced with monthly gridded fields of mean, maximum and minimum air temperature, precipitation and cloud cover from the CRU TS 3.1 archive, wet day frequency from the CRU TS 3.0 archive and NCEP wind speed, together with global annually varying CO 2 concentrations (Etheridge et al., 1996; IPCC, 2001) . Soil properties are prescribed based on Zobler (1986).
Analysis
We investigated what controls interannual variability in ET by comparing it to variability in precipitation, solar radiation, air temperature, wind speed, land use and vegetation processes by means of multiple regression. Seven river basins (Anabar, Lagarfljot, Olenek, Santa Mariada, Skjern, Teno and Yukon), mainly situated in high northern latitudes, were excluded from this analysis as they have invariant (zero) pasture and/or cropland extent, rendering the regression analysis invalid. Coefficients of determination (R 2 ) derived from the multiple regression analysis were used to indicate the proportion of variability in ET explained by the predictor variables.
Variance partitioning (Legendre and Legendre, 2012 ) was used to further attribute variability. Predictor variables were assigned to one of two categories: meteorological variables (precipitation, solar radiation, air temperature and wind speed) and land-surface variables (pasture and cropland extent, stomatal conductance and foliage cover). The method makes it possible to estimate the unique effect of the two sets of predictors. It partitions variance into four components: the unique contributions of the two sets of predictors, the common contribution of the two sets (the results of correlations among predictors) and residual (random) variation not accounted for by the predictors. The unique effect of meteorological predictors was estimated as the difference between adjusted R 2 values derived from a multiple regression analysis using (i) both sets of predictors and (ii) land surface variables only, and vice versa.
Trends were calculated using ordinary least-squares linear regression based on annual values for water years (precipitation, runoff, ET, solar radiation, wind speed, air temperature and stomatal conductance) or calendar years (cropland, pasture and foliage cover) for the period 1961-1999. To attribute trends in ET, a multiple regression of ET trends against those in predictor variables was performed, and coefficients and p values derived from the analysis were used to indicate the sign and significance of the relationship between ET and predictor trends, respectively.
Results and discussion
Interannual variability in water balance ET
Interannual variability in ET in both wet and dry basins was found to be strongly controlled by variability in precipitation. On average, we were able to explain 66-68 % of ET variability in wet basins (ranging from 13 to 100 %), and 96 % in dry basins (ranging from 79 to 100 %) ( Fig. 3a ; Table 1), with precipitation accounting for most of this (54-55 and 94-95 %, respectively). The relationship to precipitation was particularly evident in the dry basins (see e.g. the Rio Grande and Colorado basins in Fig. 4 ) and precipitation and ET magnitudes are very similar (i.e. almost all precipitation is evaporated and runoff is close to zero). In wet basins, precipitation plays a slightly weaker role in controlling ET variability, as hypothesised based on the Budyko framework. ET nevertheless tracks changes in precipitation in the majority of basins (see the Congo, Mezen and Sacramento basins in Fig. 4) , with the exception of some northern high-latitude basins, which may be prone to larger than average precipitation uncertainties due to snow undercatch. Solar radiation might be expected to exert a strong control on ET because it is the main determinant of the energy available for evaporation (Hobbins, 2004; Oliveira et al., 2011; Teuling et al., 2009) , particularly in "energy-limited" wet basins. However, we found no strong positive correlations between ET and solar radiation variability and conversely, solar radiation was often found to correlate negatively with ET, likely as a result of increased cloud cover being associated with wet years. This was particularly evident in dry basins, where radiation was strongly reduced during years of increased precipitation and vice versa (see the Colorado Basin in Fig. 4 ).
Other climate variables showed significant correlations with interannual variation in ET only in a minority of basins. Air temperature variation was important in some cold northern basins (see the Mezen Basin in Fig. 4) . Wind speed correlated with ET in some small coastal basins (see the Sacramento Basin in Fig. 4) . Stomatal conductance tracked changes in ET in some mainly subtropical and tropical basins (see Congo in Fig. 4) , whereas FPC correlated with ET in some (mainly dry) basins (see Yellow River in Fig. 4 ). Cropland and pasture extents change gradually and show no significant effects on interannual variability in ET. Changes in soil moisture could in principle drive interannual variability in ET (as much as they are a consequence of it) but were ignored in the water balance method. However, we found no significant lags between precipitation and ET on annual timescales (not shown), suggesting that time-varying retention of water in soils did not compromise the results.
Variance partitioning was used to further attribute interannual variability in ET to establish the unique contributions of meteorological and land-surface variables. Meteorological variables were found to exert a strong unique control, due to the overwhelming importance of precipitation variability (Fig. 3b) . On average, meteorological variables explained 35-40 and 51-56 % of ET variability in wet and dry basins, respectively (Table 1) . However, meteorological variables were less important in some temperate northern and boreal regions, possibly as a result of greater precipitation uncertainties. Land-surface variables were found to be important in some cold and tropical regions but generally show a much weaker control on ET than meteorological variables (Fig. 3c) . On average, land-surface variables only account for 2-3 % of variability in wet and 1 % in dry basins (Table 1) .
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The basins where land-surface variables are significant tend to be forested, and some of them subject to wide-scale deforestation (e.g. Amazon and Congo) causing unusually large changes in the land surface.
Trends in water balance ET
Both positive and negative trends are observed in the water balance over the period (Fig. 5) . Precipitation, ET and runoff generally increased in the Americas, with some reductions in runoff in northern basins as a consequence of increased ET. Conversely, runoff and ET show reductions in Africa, likely as a result of a sharp decline in precipitation, particularly in the Congo Basin. Elsewhere, water balance trends are basin-dependent and where significant trends are present, ET and runoff have often changed in opposite directions, such as in parts of Siberia, Europe and India. Shortwave radiation decreased throughout the world, with the exception of Europe and parts of Africa (Fig. 5) . No subsequent "brightening" was observed in North America, Australia or Asia during the period up to 1999. Wind speed decreased on the western coast of the Americas and Southeast Asia but changes elsewhere were slight. Air temperatures increased everywhere except in tropical South America. Land use changed almost throughout the world, with pasture expanding everywhere except North America and Europe and cropland expanding in most regions apart from Europe. Simulated FPC increased and stomatal conductance generally decreased, particularly in forested regions, as expected as a result of increasing atmospheric CO 2 .
In wet basins, observed trends in water balance ET are generally explained by precipitation and to some extent increased foliage cover (when CRU TS 3.1 based ET is used; Table 2 ), pointing to a small but significant effect of increased atmospheric CO 2 . Predictor variables can explain 46-49 % of the ET trend, with precipitation alone accounting for 45-46 % of the ET trend (Table 3) . Other variables, including solar radiation, were not found to be significant predictors of the trend.
A previous study by Zhang et al. (2012) reported R 2 = 9 % for wet basins when water balance ET trends were compared to precipitation trends. Our analysis explains more of the ET trends than Zhang et al. (2012) but we are still only able to account for around half of the ET trends in wet basins. ET in wet basins may be inhibited by factors such as low vapour pressure deficit reducing evaporative demand. Soil moisture has been postulated as an important driver of ET (Jung et al., 2010) but was ignored in this study. However, other studies have shown soil moisture to be mainly driven by precipitation (Sheffield and Wood, 2008) , which is explicitly included in our analysis. It is unlikely that not accounting for soil moisture trends results in major uncertainty. Data quality issues may also hinder attribution of trends, especially in sparsely populated tropical areas (Wohl et al., 2012) . A stronger disagreement was found between CRU TS 3.1 and GPCC precipitation trends in the tropics compared to the rest of the world (not shown). Some wet basins also showed negative annual ET totals during some years as well as low actual/potential ET ratios and actual ET exceeding potential ET, pointing to likely biases in the observations (Kauffeldt et al., 2013) . However, the results were found not to be sensitive to these physically implausible data. Other predictor variables also have inherent uncertainties, particularly land use data for the pre-satellite era.
In dry basins, ET trends are mainly explained by precipitation, which accounts for 80-84 % of the trend (Tables 3, 4) . This agrees well with findings of Zhang et al. (2012) , who reported R 2 = 85 % for dry basins. In addition, increasing foliage cover shows a significant positive effect on ET trends, implying a net increase in transpiration and interception as a result of increased atmospheric CO 2 . This is in line with findings by Donohue et al. (2013) who reported a recent greening trend across the world's warm arid environments as a result of the CO 2 fertilisation effect. Together, all variables account for 94-95 % of the ET trend (Table 3) .
Conclusions
Both trends and interannual variability in water balance ET are strongly controlled by precipitation. In the dry "water-limited" basins precipitation explains 80-95 % of ET changes, compared to 45-55 % in the wet basins. This conclusion was shown to be independent of the precipitation data set used, and it is consistent with the expectation of strong water limitation of ET in dry basins.
Vegetation processes were also found to influence ET. Foliage cover was found to be a significant control of ET trends in both wet and dry basins, and stomatal conductance variations correlated with the interannual variability of ET in some basins. Both stomatal conductance and foliage cover are expected to respond strongly to increasing atmospheric CO 2 concentrations (e.g. Betts et al., 1997 Betts et al., , 2007 Gedney et al., 2006; Sellers et al., 1996) , but in opposite directions. With large increases in CO 2 projected, it is likely that CO 2 effects will become increasingly apparent, but the sign and regional pattern of these effects over the longer term is not well constrained by the available evidence to date. Solar shortwave radiation was generally not found to be a significant predictor of ET variability. This is despite the expectation that energy-limited basins, particularly, should respond to changes in the driving force for ET. However, persistent large differences among different, satellite-based radiation data products (Zhang et al., 2012) may hinder the attribution of ET to solar radiation changes. Land use change effects on ET were not found to be significant.
